Relapse of Ewing sarcoma (ES) can occur months or years after initial remission, and salvage therapy for relapsed disease is usually ineffective. Thus, there is great need to develop biomarkers that can predict which patients are at risk for relapse so that therapy and post-therapy evaluation can be adjusted accordingly. For this study, we performed whole genome expression profiling on two independent cohorts of clinically annotated ES tumours in an effort to identify and validate prognostic gene signatures. ES specimens were obtained from the Children's Oncology Group and whole genome expression profiling performed using Affymetrix Human Exon 1.0 ST arrays. Lists of differentially expressed genes between survivors and nonsurvivors were used to identify prognostic gene signatures. An independent cohort of tumours from the Euro-Ewing cooperative group was similarly analysed as a validation cohort. Unsupervised clustering of gene expression data failed to segregate tumours based on outcome. Supervised analysis of survivors versus non-survivors revealed a small number of differentially expressed genes and several statistically significant gene signatures. Gene-specific enrichment analysis demonstrated that integrin and chemokine genes were associated with survival in tumours where stromal contamination was present. Tumours that did not harbour stromal contamination showed no association of any genes or pathways with clinical outcome. Our results reflect the challenges of performing RNA-based assays on archived bone tumour specimens. In addition, they reveal a key role for tumour stroma in determining ES prognosis. Future biological and clinical investigations should focus on elucidating the contribution of tumour:micro-environment interactions on ES progression and response to therapy.
Introduction
Ewing sarcomas (ES) are highly malignant neoplasms of bone and soft tissue often affecting children, adolescents and young adults. Although metastatic ES is still usually fatal, intensification of multimodality therapy has improved outcomes for patients with localized disease [1] . Patients with localized tumours treated on the experimental arm of the most recent Children's Oncology Group (COG) study (AEWS0031) experienced 5-year event-free survival (EFS) rates near 75% [2] . Similar results were obtained for the EuroEwing99-R1 study within the European cooperative groups [3] . Such intensive therapy results in significant and often life-threatening short-and longterm morbidities [4, 5] . Moreover, despite dose intensification and aggressive local control, relapses can occur months or years after initial clinical remission, and salvage therapy is usually ineffective [1] . Therefore, cure of ES is largely dependent on eradication of the disease during initial therapy, and biomarkers are needed that can predict relapse at the time of diagnosis. Although several copy number alteration and TP53 mutational studies have shown promise as prognostic biomarkers, none have yet been successfully validated prospectively [6] .
There has been abundant research to evaluate whether gene expression profiling can be used to risk-stratify cancer patients at diagnosis. First demonstrated to be feasible in breast cancer [7] , this prognostic approach has been evaluated and validated in other human cancers [8, 9] , including paediatric malignancies such as neuroblastoma [10] [11] [12] , rhabdomyosarcoma [13] [14] [15] , and leukaemia [16, 17] . Several small ES genome-wide profiling studies have been reported, and non-overlapping candidate prognostic biomarkers were identified [18] [19] [20] [21] . However, none of the candidate prognostic gene signatures has been prospectively validated in independent cohorts of equivalently treated patients.
For this study, we profiled gene expression in ES biopsies collected from patients on COG therapeutic studies. These gene profiles were used to identify differentially expressed genes and gene signatures that associated with clinical outcome. We also tested whether identified biomarkers could be validated in an independent set of tumours from patients treated on parallel European Cooperative group trials. Our findings reveal a key role for tumour-stromal interactions in determining prognosis-associated genes in ES.
Materials and Methods

Sample accrual
Tumour specimens obtained from COG Biorepository in Columbus, OH (Cooperative Human Tissue Network-CHTN) were prospectively acquired from patients on clinical trials INT-0154 (CCG-7942, POG-9354) and AEWS0031, the two most recent protocols for localized ES. An independent set of tumours was obtained from the EuroEWING tumour biorepository in M€ unster, Germany. These were prospectively acquired from patients registered on European Intergroup Cooperative Ewing's Sarcoma Study (EICESS) 92 and Euro-Ewing 99 [3, 22] . Criteria for inclusion of tumours in this molecular profiling study included confirmation of localized disease at presentation, registration on a clinical trial (as above), and availability of outcome data and frozen tumour tissue. Diagnosis of ES was reaffirmed by pathological review, and an estimate of viable tumour cells relative to non-tumour cells as well as an estimate of tumour necrosis was made for all samples using haematoxylin and eosin stained sections. Molecular analysis of COG and EuroEWING tumours was performed using RT-PCR for EWS-FLI1 and EWS-ERG fusions, as previously reported [23, 24] . All tumours were assigned an anonymous identifier and deidentified specimens and clinical data were provided to the investigators. All samples and clinical correlative data were obtained in compliance with the health insurance portability and accountability act. Review and approval by participating institutions was obtained in accordance with an assurance filed with and approved by the Department of Health and Human Services (US institutions) or European authorities. Informed consent for use of tumour samples for research was obtained from each subject or subject's guardian prior to collection and banking of the tissue.
RNA isolation and exon array pre-processing
Total RNA was isolated using miRNAeasy kits (Qiagen, Valencia, CA). RNA concentrations were calculated using a Nanodrop ND-1000 spectrophotometer (Nanodrop Technologies, Rockland, DE) and RNA integrity (RIN) was evaluated using the RNA 6000 PicoAssay (Agilent Technologies, Santa Clara, CA). RNA samples with RIN values of <4.0 were subjected to an RNA cleanup step using the mRNAeasy kit (Qiagen, Valencia, CA). RNA samples with a RIN value of >4.0 were analysed using Affymetrix GeneChip Human Exon 1.0 ST arrays. Samples were processed in the Genomics Core at Children's Hospital Los Angeles according to Affymetrix protocols (Affymetrix, Santa Clara, CA). Affymetrix power tools (APT) was used to generate normalized genelevel signal intensity estimates [25] . Affymetrix library files and annotation files were downloaded from the company's website (www.affymetrix.com). Processing included background correction, normalization, log 2 transformation and probeset summarization. Only core probesets uniquely mapped to the 84 SL Volchenboum et al genome were used. Various quality control measures were assessed, including density plots and the mean absolute deviation of the residuals. Multi-dimensional scaling was used to detect any sample outliers. Filtering genes under-detected in samples of interest was accomplished by requiring the detection of more than half the probesets in a gene (DABG value < 0.05) and only retaining genes appearing in at least 60% of the samples in each group. The empirical Bayes ComBat algorithm was applied to remove any batch effects [26] .
Consensus clustering and determination of differentially expressed genes
We used consensus clustering to determine if groups could be segregated based on gene expression patterns. Briefly, the top 5,000 most variable genes, as determined by median absolute deviation, were selected. Then 80% of the samples were re-sampled 1,000 times. Each time, an agglomerative hierarchical clustering algorithm was applied on a 1-Pearson correlation distance matrix using the R package ConsensusClusterPlus [27] . Differentially expressed genes were identified by applying the moderated t-test implemented in Bioconductor applying the Limma package [28] . The p-values were corrected for multiple hypothesis testing using the Benjamini-Hochberg procedure [29] . Genes with a corrected p-value < 0.2 and absolute fold-change > 1.3 were considered as differentially expressed between survivors and nonsurvivors. The Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.7 [30] was used for the functional enrichment analysis of the differentially expressed genes. The false-discovery rate (FDR) of enriched gene ontology terms was set to 0.25.
Generation of putative prognostic gene expression signatures
To assess the potential for identifying prognostic gene signatures by chance, we randomly selected 5, 10 and 20 candidate signature differentially expressed genes, and the area under the receiver-operator curve (AUC) was calculated for each [31] . A similar procedure was repeated 10,000 times for the same-sized random gene sets from the 10,824 genes used in the study. The number of times the AUC from the random gene sets exceeded that from the differentially expressed gene sets was used to calculate the permutation p-value. Gene sets with a permutation p-value < 0.05 were considered as the putative prognostic gene signatures.
To rank the genes according to their contribution in discriminating the samples with different survival status, the variable importance measure (VIM) of each was calculated using an AUC-based permutation measure derived from a random forest classification (Bioconductor package ctree, [32] ). The top 5, 10 and 20 genes with highest VIM values were selected, and their prognostic signature scores and the AUCs were computed and compared with those from randomly selected gene signatures of the same size.
Survival status prediction
To build a classification model, random forest, support vector machines and logistic regression were used [33] [34] [35] . Random forest outperformed the other methods and was chosen for classification modelling. Briefly, for each candidate signature, the genes with absolute correlations above 0.75 were excluded to reduce the level of correlation. Next, samples were randomly split into training (2/3) and testing sets (1/ 3). The ntree (number of trees) parameter was set to 500, and leave-one-out cross-validation was used to evaluate the effect on performance with different mtry (mtry 5 number of genes samples 5 2, 3, 4, 5, 6). Using the R package caret [36] ,the training set was 're-trained' using the optimal values to obtain a final prediction model for each gene signature.
Demographics and outcomes analyses
To determine if the analytic cohort was representative of patients registered on the therapeutic studies, each characteristic was checked separately by the exact conditional test of proportions [37] . Age at enrollment was checked as a categorical variable (<10, 10-17, 18 years) and also as a continuous variable using the t-test. EFS and overall survival (OS) were compared between each analytic group and corresponding study population. EFS was defined as time from enrollment until disease progression, diagnosis of a second malignant neoplasm, death or last patient contact, whichever occurred first. OS was taken to be the time from enrollment to death or last patient contact (at which time they were censored), whichever occurred first. EFS and OS were estimated by the method of Kaplan and Meier, and the relative risks for event and death were compared across the groups using the log-rank test [38] . Data from INT-0154 (1995 INT-0154 ( -1998 
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Results
Banked ES tumour specimens yield limited samples with quality RNA
The COG has collected ES specimens to its central biorepository for 20 years and since 2002 this has been achieved through two sequential banking protocols [39] . Microarray profiling is optimally performed on RNA that is extracted from fresh or freshly frozen tumour samples and at the time of study initiation, protocols for RNA profiling of formalin-fixed, paraffin-embedded samples had not yet been sufficiently developed. Therefore, we restricted our study to include only tumours for which frozen tissue was available. As shown ( Figure  1A ), 287 frozen tumour specimens were identified and subjected to RNA extraction. Fewer than 25% of these samples yielded RNA of sufficient quality (RIN 4.0) to proceed with array-based analysis ( Figure 1A , B). In sum, 69 Affymetrix CEL files were generated from 67 patients. Clinical and pathological data review of the 67 cases resulted in the exclusion of 11 tumours: eight patients with metastatic disease, two from patients not registered on a therapeutic study and one with less than 10% viable tumour cell content. Thus, despite the relative abundance of banked material, only limited RNA of sufficient quality and quantity was available for array profiling.
The analytic cohort is representative of the general ES patient population
Affymetrix CEL files were generated from 56 unique, clinically annotated tumours. All were obtained from patients who were registered on either AEWS0031 (N 5 48) or INT-0541 (N 5 8). There were no statistically significant differences in demographics between patients in the analytic population and the remainder of patients enrolled on the two studies from which the analytic population was drawn. However, there was a relative dearth of extremity primary tumour sites (18.8 vs. 35 .6%) and 
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an excess of non-extremity, non-pelvis primary tumour sites (62.5 vs. 48.8%) in the AEWS0031 tumours (p 5 0.053). Pelvic tumours are difficult to biopsy and primary extremity ES in paediatric patients are mainly in bone. In contrast, soft tissue tumours are more readily accessible for biopsy sampling and are more likely to be submitted for correlative biology studies [39] . Also, the requirement for decalcification would have further diminished the availability of fresh bone tumour material for this study. Thus, both surgical and pathological issues contributed to the relative over-representation of nonpelvic tumours in the analytic cohort. Next, clinical outcomes were compared. EFS and OS for the 48 analytic cases from AEWS0031 were 61.8 and 72.1%, respectively, compared to 70 and 81.3% for the study as a whole (EFS p 5 0.2, OS p 5 0.1) ( Figure 1C ). EFS for the eight patients registered on INT-0514 was 75% (compared to study EFS 5 71%, p 5 0.8; Figure 1D ), and OS was 72.9% (compared to study OS 5 78.7%, p 5 0.8). The analytic population was thus deemed to be representative of the general ES population with respect to both demographics and outcome.
Unsupervised analysis fails to discriminate tumours on the basis of clinical or pathological parameters
Quality control assessment of the 56 tumour data files resulted in the identification of two outliers and eight cases that clustered together yet deviated significantly from the remainder of samples (Figure 2A ). The eight samples that clustered together were processed on a different slide scanner, and the discrepancy in chip signal intensity between these eight chips and the remaining samples was determined to be a technical artefact that could not be corrected using the batch effect correction algorithm (see Materials and Methods section). The two outliers showed expression profiles that deviated significantly from the remaining tumours. Having failed rigorous quality control, these ten cases were excluded from further analysis. The remaining 46 tumours that were subjected to outcomes analysis are summarized in Table 1 . Raw data CEL files and normalized data for these and the validation set (see below) are available at GEO (GSE63157). Unsupervised analyses of the 46 tumour profiles were first performed to determine if ES naturally segregate into different clinical or pathological groups on the basis of differential gene expression. To achieve this, we performed hierarchical clustering using the most highly variable transcripts (N 5 2,201 transcripts with coefficient of variance (CV) > 0.15 across all tumours). As shown, Figure 2B , no segregation of tumours into distinct groups was evident. In fact, tumours from survivors and non-survivors, bone and soft tissue origins and pelvic and non-pelvic sites did not cluster together but were widely dispersed with respect to gene expression. Similarly, there was no clustering of tumour samples based on timing of the biopsy, before or after induction chemotherapy, or on molecular translocation type. In two cases, no fusion was detected and in a third molecular diagnostics were unavailable. The recent discovery of alternative fusions in rare Ewing-like sarcomas raises the possibility that these three cases might have been Ewinglike tumours rather than ES [40, 41] . However, given their clinical and histological diagnosis of ES and their inclusion in ES therapeutic studies, these patients were retained for analysis of prognostic gene signatures. Thus, genome-wide expression profiling of this small but representative cohort of tumours suggests that distinct clinical sub-groups, as defined by differential expression of protein encoding genes, do not exist in ES.
Differentially expressed genes and gene signatures associate with clinical outcome
Next, we performed supervised analyses to compare gene expression between tumours derived from survivors and non-survivors ( Figure 2C, D) . This analysis identified only 33 differentially expressed genes, and all but five were up regulated in nonsurvivors (Table 2) . Gene ontology analysis of these differentially expressed genes revealed a significant enrichment for biological processes involved in cell motility, cell migration and cell adhesion, implicating differential expression of metastasisassociated programmes in disease relapse and progression (Table 3) . Interestingly, low levels of GSTM2, a gene that encodes for a key enzyme in glutathione metabolism, were associated with worse outcome (Table 2 ). This finding corroborates earlier studies that demonstrated an association between expression of other glutathione metabolism genes and ES outcome [21, 42] . In addition, lower level expression of TET1 in poor prognosis tumours (Table 2) is of interest given the key role that TET1 plays in DNA demethylation and the recent discovery of loss of function mutations in TET genes in human cancer [43, 44] . Individual genes are rarely useful as prognostic biomarkers, whereas gene signatures can more often be successful predictors of outcome. Therefore, we next generated candidate gene signatures that incorporated three or more of the differentially expressed genes and calculated their potential as prognostic signatures. As expected, given that these signatures were derived from this same group of tumours, the ability of the signatures to classify survivors and non-survivors was excellent (Table 4) .
Gene Set Enrichment Analysis identifies stromal interactions and chemokine signalling as prognostic variables
To investigate the potential existence of multi-gene programmes that were associated with outcome, we next performed gene set enrichment analysis (GSEA). Interestingly, this analysis identified both integrin pathway ( Figure 3A ) and chemokine receptor signalling ( Figure 3B ) gene programmes as being up regulated in tumours from non-survivors. The discovery of upregulated chemokine signalling genes in poor prognosis tumours is consistent with a prior microarray-based study of ES that identified increased expression of CXCR4 and CXCR7 as biomarkers of aggressive disease [18] . In the COG cohort, high CXCR7 was associated with diminished survival ( Figure 3C, D) , whereas CXCR4 expression did not correlate with outcome (not shown).
Prognostic gene signatures were not validated in an independent cohort of patient tumours
For validation, we profiled a completely independent set of 39 tumour biopsy samples obtained from patients registered on the European collaborative group clinical trials (30 from EuroEwing 99 and 9 from EICESS 92). These studies were run in parallel to the COG trials and outcomes were comparable between the groups. Of the 39 patients evaluated, 28 were long-term survivors. Unexpectedly, no differentially expressed genes were identified between survivors and non-survivors in the European cohort (FDR < 0.2 and fold-change > 1.3). In addition, GSEA analysis of the European tumours also failed to identify significantly enriched gene sets (FDR < 0.25). Moreover, consistent with the absence of an intrinsic prognostic signature, the COG-derived genes failed to classify the European tumours. Thus, despite their identification as potential prognostic 
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biomarkers in the COG cohort, none of the genes or gene signatures that were identified in the test set could be validated in an independent group of clinically similar patients.
Stromal cell content impacts on gene expression and prognostic classification of ES tumours
The absence of independent prognostic genes or gene sets and the failure to validate the candidate prognostic biomarkers in the European tumour cohort led us to hypothesize that there may have been unappreciated differences between the groups. To address this, we reviewed their pathological features ( Table 1 ) and noted that, while ten of the COG samples contained substantial stromal contamination, all of the tumours in the European cohort were composed of more than 70% viable tumour. The nature of non-tumour stroma in the COG tumours varied but included both normal and reactive fibrovascular tissue as well as normal connective tissue into which the tumour cells had infiltrated (see representative H&E images in supplementary material, Figure 1 ). Given these histological distinctions, we reasoned that the ability to uniquely identify prognostic genes in the COG cohort might have been due to differences in non-tumour stroma content. To address this, we repeated supervised analysis of the 43 COG tumours for which detailed information on stromal content was available. GSEA was independently performed on tumours that showed significant stromal content (N 5 10; stromal content >30% of sample) and tumours that were primarily Figure 3 . Gene set enrichment demonstrating that integrin (A) and chemokine receptor signalling (B) pathways are more highly expressed in tumours from subjects who succumbed to their disease. Kaplan-Meier curves demonstrating that event-free survival (C) and overall survival (D) for patients with high levels of CXCR7 expression (above median) are worse than for patients with low level CXCR7 expression (below median).
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composed of viable tumour cells only (N 5 33; stromal content <30% of sample). Interestingly, this analysis failed to identify any prognostic gene sets in the tumour-rich samples (Table 5 ). In contrast, the prognosis-associated gene sets that were identified in the cohort as a whole were mostly attributed to the stroma-rich tumours (Table 6) . These findings together demonstrate the appreciable contribution of tumour heterogeneity to prognostic biomarkers in ES and provide evidence that tumour-stromal interactions are critical determinants of tumour behaviour and response to therapy.
Discussion
ES is a highly aggressive bone and soft tissue tumour, which is associated with a high rate of recurrence and no clinically validated prognostic biomarkers. In this study, we report the findings of a multi-centre, international effort designed to determine if gene expression profiling could be used to classify patients with localized ES into low-and high-risk categories. The quality of RNA isolated from the >250 patient samples in the COG biorepository was largely insufficient for Affymetrix HuEx-based profiling, and we were able to generate data for only 59 patients with localized disease. Three tumours were excluded from analysis due to inadequate tumour content or a lack of available outcome data. An additional ten patients required exclusion for reasons of divergent chip signal intensity. Thus, we were able to generate quality gene expression profiles for only 46 patients, illustrating the challenges encountered when RNA-based assays are used for analysis of banked sarcoma specimens, especially bone sarcomas. Moreover, they show that, even with rigorous batch-correcting algorithms, it is sometimes impossible to correct for technical differences that contribute significantly to variations in signal intensities, skewing results and adversely impacting interpretation of microarray data.
The strengths of this study include prospective tumour collection, cooperative group therapeutic trials and independent analysis of two distinct patient cohorts. In addition, we made use of rigorous statistical algorithms to ensure quality control, resulting in an 18% reduction in our sample size, essential to ascertain that the final clinical correlates analyses were not skewed by non-biologic factors. Failure to appreciate technical variability and use of less rigorous bioinformatic analytic tools can lead to invalid conclusions from microarray data [45] .
Unsupervised analysis of the 46 COG tumours revealed no separation into sub-groups based on differences in overall gene expression. It should be noted, however, that this unsupervised approach would not necessarily be able to classify tumour subgroups that might exist due to differences in biologic pathways. Supervised analyses of the data using strategies designed to test specific pre-determined hypotheses may uncover differences that would not be evident with unsupervised clustering methods. As examples, supervised comparison of gene expression profiles between BMI-1 over-expressing and BMI-1 negative ES revealed differences in pathway activation not evident from unsupervised analyses agnostic to BMI-1 status [46] . Likewise, subtle differences in gene expression are detectable between tumours with different EWS-ETS fusions, but these differences are only apparent when supervised analysis of the data is performed [23] . Thus, going forward these microarray data from well-annotated patient tumours will provide a rich resource for directed investigations into the role of specific biological pathways in ES pathogenesis.
The most striking finding in our study was that prognostic genes and gene signatures were not validated in an independent cohort. Indeed, we were unable to identify any genes or gene sets that were 
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significantly associated with outcome in the European cohort. Interestingly, detailed analysis of the pathological profiles of the two cohorts revealed a potential explanation for these observations. The most enriched prognostic gene sets in the COG tumour group were largely associated with pathways involved in tumour-stroma or other tumour-host interactions. In particular, integrin and chemokine signalling were identified as contributing to prognosis. However, these gene sets were only enriched in COG tumours that contained an abundance of nontumour cell elements including reactive fibrovascular tissue, normal connective tissue or both. Tumours that were composed of relatively pure populations of viable tumour cells with little stroma showed no association of any genes or pathways with clinical outcome. What remains unclear from these studies is the precise source of the differential gene expression between survivors and non-survivors in the stromarich samples. While it is possible that altered gene expression in the tumour cells themselves accounted for the observed differences, it is equally possible that non-malignant cells in the stroma-rich samples contributed to the prognostic gene expression signatures. Future studies will need to address both of these possibilities. Specifically, immunohistochemical staining of candidate prognostic proteins will need to be performed to define the contribution of tumour and non-tumour cells to chemokine-and integrinassociated pathway activation in ES tumours. Despite these caveats, it is interesting that recent studies support a key role for both integrin-dependent and chemokine signalling in mediating ES progression. Specifically, high levels of activation of focal adhesion kinase (FAK), a central regulator of integrin signalling that promotes cell adhesion and migration, are evident in ES and inhibition of FAK attenuates tumour growth [47] . In addition, the metastatic capacity of ES cells that is conferred by activation of the ERBB4 tyrosine kinase receptor is, in part, mediated by FAK [48] . Several other studies have identified key roles for chemokines and their receptors in tumour growth and metastasis, in particular chemokine receptors CXCR4 and CXCR7 [18, [49] [50] [51] [52] . Both receptors use CXCL12 as their activating ligand, and CXCL12/CXCR4 interactions promote ES cell proliferation and invasion. Thus, it is revealing that chemokine signalling was among the prognostic gene sets, and that high levels of CXCR7 were associated with worse outcomes in the COG patient cohort.
These findings indicate that the relationship between ES cells and their host micro-environment is critical to tumour pathogenesis, and that full understanding of the complex biology of ES progression will not be achieved by studying the tumour cells in isolation. In addition, the repeated observation that integrin and chemokine signalling contribute to the aggressive nature of ES supports further investigation of these pathways as novel therapeutic targets.
